Abstract-The cell formation problem is a classic manufacturing optimisation problem associated with the implementation of a cellular manufacturing system. A variety of hierarchical clustering procedures have been proposed for the solution of this problem. Essential for the operation of a clustering procedure is the determination of a form of similarity between the objects that are going to be grouped. In this paper we employ a Genetic Programming algorithm for the evolution of new similarity coefficients for the solution of simple cell formation problems. Evolved coefficients are tested against the well-known Jaccard's similarity coefficient on a large number of problems taken from the literature..
Introduction
The elimination of unnecessary costs is a significant issue in the design of a modem manufacturing system. The concept of Group Technology (GT) (Mitrovanov, 1966) , (Burbidge, 1975) has been proposed as a guide for the implementation of cost-effective manufacturing systems that do not require heavy investment in new equipment. GT states that the grouping of objects performing similar tasks within a corporate structure can yield substantial benefits. On the shop-floor level this proposition is translated a s the grouping of machines into a number of cells that pmcess a dedicated number of part families. The term 'cellular manufacturing' is traditionally used to describe such a system. It has been reported (Singh, 1993 ) that cellular manufacturing systems reduce set-up COSIS, work-inprogress inventories and throughput times while improving the quality of products and the jobsalisfaction of workers..
The implementation of a cellular manufacturing system is a multi-input, multi-stage procedure that requires human expertise. A particular stage of this procedure, the cell formation problem, has attracted considerable research attention during the last thirty years due to its combinatorial nature. Reviews of alternative solution methodologies that have been proposed over the years are presented in Selim el al. (1998) and Dimopoulos and Mort (1999) .
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Evolutionary Algorithms (EA'S) have been extensively used for the solution of manufacturing optimisation problems (Dimopoulos and Zalzala, 1999) . In this paper we report a novel solution methodology based on Genetic Programming (Koza, 1992) and a classic hierarchical clustering procedure.
The remainder of the paper is organised as follows: In section 2 Jaccard's similarity coefficient and its relevance to the solution of the cell formation problem is described. The GP-SLCA framework for the evolution of new similarity coefficients is presented in section 3. The performance of evolved similarity coefficients is illustrated in section 4. The conclusions of this report are drawn in section 5.
Jaccard's similarity coefficient and the cell formation problem
Finding the optimal grouping of machines is not an easy task since the number of possible combinations is astronomical even for small problem instances (Lee and Garcia-Diaz, 1993) . The use of similarity coefficients focuses the search for an optimal solution to regions of the search space where it is more likely to be found. More specifically, Jaccard's similarity coefficient, as used by McAuley (1972) (SLCA) (Sneath, 1957) procedure was employed for the construction of a 'dendrogram' of potential solutions which were distinguished by different levels of similarity (an illustration of McAuley's procedure is presented in the Appendix of this paper, Tables A-E). After the machinecells were created, part families could be easily identified.
While Jaccard's coefficient is quite simple and efficient, its application is independent of the optimisation objective and relies on the existence of natural groupings of machines. In this paper we employ a GP platform for the evolution of a similarity coefficient that will be competitive to Jaccard's similarity coefficient on the solution of simple cell formation problems. The framework for the evolution of similarity coefficients utilises Sneath's SLCA algorithm in the same way as it was originally proposed by McAuley. However, instead of Jaccard's similarity coefficient, a Genetic Programming evolutionary machine is employed for the construction of a population of potential similarity coefficients. The performance of each of the evolved coefficients is evaluated on a set of cell formation test problems which are used as fitness cases (see Figure F in the Appendix).
The aim is to create a new similarity coefficient that will perform at least as good as the man-made Jaccard's coefficient on the solution of cell-formation optimisation
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The characteristics of the GP algorithm used in this paper are the following:
Functions: The four basic arithmetic operations (+, -, x, % (protected division function)) were used for the manipulation of input variables.
Terminals:
The basic elements of Jaccard's similarity coefficient were included in the terminal set. In that way it was hoped that the framework would at least be able to evolve the formula of Jaccard's coefficient. In addition, the variable d,j was included in the set. The definition of d;;is the following: d,; : number of parts processed by neither machinej nor machine i ODtimisation objective: The maximisation of grouping efficacy, r , (Kumar and Chandrasekharan, 1990) 
Stanfel (1985) Stanfel ( Additional " m w e r s : The values of the parameters that are needed for the run of the GP algorithm are described in Figure 3 (values as suggested in Koza (1992) 
Results
Twenty nins of the GP-SLCA algorithm were conducted for each experimental training set. The cumulative results of the best coefficients evolved are presented in Table 2 . For comparison purposes, the performance of Jaccard's similarity coefficient on the same set of problems is also given. Note that the outlined problems in each column were used as fitness cases for the evolution of the corresponding similarity coefficient. The rest of the problems in the same column formed the validation set. Results from Table 2 indicate that the GP-SLCA framework was able to evolve coefficients that generalised over the entire set of problems. As a measure of the quality of the generalisation, the mean value of grouping efficacy waq calculated and compared with the same value achieved by Jaccard's coefficient ( Table 3) .
The mean value of grouping efficacy produced by all evolved coefficients was similar to the one produced by Jaccard's coefficient. Coefficient SETlO performed particularly well on the entire set of problems, producing an increase 2.6% on average grouping efficacy in comparison to Jaccard's coefficient. Since the difference in performance is relatively small, further research is needed in order to see if SETlO can be distinguished from Jaccard's coefficient. A winner-takes-all comparison of their relative performance on the test problems is presented in From the F-value it is obvious that we cannot reject the null hypothesis. From the above results we can safely conclude that the GP-SLCA algorithm was able to evolve similarity coefficients that performed at least as good as the similarity coefficient devised by human intuition. It will be interesting to take a closer look at the structure of the evolved similarity coefficients. Coefficient SET4 is calculated using the following formula:
Notice that GP evolves structures that do not follow the elegant form of Jaccard's coefficient, but are just as effective. From the above formula it is clear that the value of the coefficient is proportional to the values of a and d. This is expected since these values are indicative of the similarity of parts processed between a pair of machines.
The structure of coefficient SETlO is much more complicated, as the following formula depicts:
where FACTOR :
The size and the complexity of this particular coefficient makes the task of explaining its operation quite difficult. It is still evident that the value of the coefficient is proportional to the values of a and d, however, a number of control terms are also present which seem to fine tune its value in particular fitness cases. Note that there are two terms that according to common algebra should have been simplified:
However, due to the operation of the protected division function, these expressions will evaluate to '1' if the denominator is equal to 'O', which is not an unlikely case.
Thus, they should be considered in this form during the calculation of the coefficient value.
The generalisation of this coefficient is quite good. While other coefficients failed to generalise in specific test problems, SETlO seems to have captured information that is relevant to the solution of the problem. In problems 19-21, where the m/c matrices have been custom designed to be difficult for grouping, Jaccard's coefficient failed to find fit partitions. On the same problems SET10 created cell configurations with much higher levels of grouping efficacy. On the notorious problem 27, where evolved Coefficients either completely failed to generalise. or their good performance was not mirrored on the set of validation problems, SET10 produced an excellent level of grouping efficacy. While the difference in performance between SETlO and Jaccard's coefficient could not be mathematically confirmed, results on specific test problems indicate that SETlO was able to handle ill-structured matrices in a more efficient way.
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Conclusions
In this paper we investigated the possibility of evolving new similarity coefficiens for the solution of simple cell formation problems, when SLCA is used as the clustering procedure.
The proposed methodology employed a GP algorithm for the creation of potential similarity coefficients. A variety of test problems comprised the training sets that were used for the evolution of the coefficients. The GP-SLCA procedure was able to evolve a number of coefficients that were competitive to a coefficient devised by human intuition (Jaccard's coefficient). While one of the evolved coefficients seemed to generalise better on ill-structured test problems than Jaccard's coefficient, their performance could not be distinguished statistically. However, there is potential for the evolution of better coefficients since the GP system used in this paper can be enhanced in terms of the population size, if more computational power becomes available. In addition, the introduction of parsimony penalties and modularization procedures, like Automatic Defined Functions (ADF's) (Koza, 1994) can reduce the size of evolved coefficients and increa$e our understanding of their operation. 
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